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Item recongnition based on faster R-CNN in service robot

Shi Ji, Zhou Yali, Zhang Qizhi
(School of Automation, Beijing Information Science & Technology University, Beijing 100192, China)

Abstract: With the promotion and application of robots in the service industry, especially in the family service, the demand for
information collection or target recognition for service robots is also getting stronger and stronger. Traditional commodity
recognition processes typically use the more classic image recognition and machine learning algorithms such as support vector
machines (SVM) , random forest or adaboost, then use the basic characteristics of the gradient, texture or color of the target
image. It can be applied in a relatively simple background, but it is hard to have a more prominent performance in a
complicated background environment, and it is difficult to achieve a high accuracy. At present, the convolution neural network
(CNN) , which is superior in target recognition, has become the first choice in many target recognition scenarios. Considering
the hardware configuration cost of service robot, Faster R-CNN, a fast algorithm of region-based convolutional neural network
(R-CNN) , is introduced into the system and identified by CPU. The CNN network is used to extract image features and access
to a regional proposal layer behind it. The experimental results show that it is feasible to apply the deep learning recognition
method to the service robot platform. The recognition effect is accurate and the test results are good.
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10 Faster R-CNN 5 512 5t
FEINE LA Ak B AT R IR S5 . SEgR
BEAFEPE . —RELA FR 405, Kb RAEERREE
R, R, KT  AREARBERE T W
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[, Faster R-CNN £ ilgk—4> RPN %%, AT CLVIZFeR EL
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alt-opt VA I (9 HET 2 840T End to End &I (HERE SR, 72X}
1EH A B2 A R, End to End 3k 0] DLIEBRHE & A7 R 51 i
R P P, TR S Rl B B
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